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ABSTRACT

Healthcare facilities, such as hospitals and long-term care facilities,
which house vulnerable populations, are sites for pathogens (such
as Antibiotic-Resistant Organisms, Clostridioides difficile, influenza
viruses, and SARS-CoV-2, among others) to spread. The contacts be-
tween healthcare providers (HCPs) and the patients that naturally
emerge during the course of care delivery also serve as pathways
for the infections to flow. Prior work has identified that cohorting
patients and HCPs into nearly isolated groups leads to reduction in
infection. However, most of these works are either too simplistic
(e.g. cohorting after observing infections) or have limited practical
use (e.g. retrospective cohorting). In this paper, our goal is to mini-
mize infection spread in real-time by creating cohorts of HCPs and
patients on-the-fly as patients are being admitted, discharged or
transferred.

Specifically, we formulate the novel Online Bubble Cluster-
ing Problem, which asks to create and maintain cohorts of HCPs
and patients that have limited external contacts, yet meet the care
demands of the patients and care capacity of the HCPs. We also the-
oretically demonstrate that the problem is very challenging in both
deterministic and stochastic settings, implying no algorithm could
achieve results close to the optimal solution. Despite the hardness,
we propose natural heuristics and design offline an integer linear
programming (ILP) approach to contrast the heuristics against the
optimal solution. We also conduct extensive agent-based modeling
experiments on granular HCP mobility data collected using sensor
systems we previously deployed in a medical intensive care unit
over a 30-day period, overlaid with a COVID-19 agent-based disease
model. Our simulation results show that real-time cohorting leads
to significantly lower disease prevalence, cutting cases in half in
some scenarios, while maintaining reasonably low levels of excess
mobility and HCP workload.
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INTRODUCTION

The amplification of COVID-19 in healthcare facilities has clearly
exposed the vulnerability of our healthcare systems to nosocomial
outbreaks [8]. Similarly, the burden of nosocomial spread of other
infections such as influenza and infections caused by pathogens
such as Clostridiodes Difficle, Vancomycin Resistant Enterococcus,
Methicillin-resistant Staphylococcus aureus are well documented [6,
28]. These healthcare-associated infections (HAIs), cost an estimated
$28-45 billion in the US alone [29], also leading to more than 2.5
million (estimated) new cases and 33,310 deaths per year in Europe
[7]. Hence, designing prevention strategies for infection spread
within healthcare facilities is paramount.

Given its importance, intervention against HAIs has garnered
significant research interest. Studies have focused on hand hygiene
[20, 26], isolating patients with HAIs to prevent further transmis-
sion [26], disinfecting surfaces to reduce environmental contamina-
tion [2, 10], antibiotic stewardship [24], usage of personal protective
equipment [22], and improved surveillance [17, 18]. Prior studies
have also examined cohorting as a means of infection control [1, 10].

Cohorting practices typically confine patients with the same
infection to a specific region within a healthcare facility to prevent
further transmission. Prior work on cohorting focuses on group-
ing symptomatic patients [16] and potentially assigning specific
healthcare professionals (HCPs) to these patients [1]. These strate-
gies have three critical drawbacks; i) cohorting takes place only
after many patients show symptoms, which could be too late, ii)
cohorting is oblivious to asymptomatic infections, which would
lead to asymptomatic (but colonized) individuals being grouped
with susceptible individuals, and iii) HCP cohorting could be chal-
lenging to implement because certain HCPs may have specialized
skills that are necessary for patients in all cohorts.

A different approach to cohorting was considered in [11], where
patients and HCPs are preemptively clustered into “bubbles”, which
refer to groups of individuals primarily interacting with each other,
while limiting outside interaction. A critical difference between this
approach and standard cohorting practices is that bubble clustering
groups individuals based on their healthcare needs in order to min-
imize external interactions; this grouping is done preemptively and



not in response to emerging symptoms. As the clustering minimizes
external interactions of a group, any infection (including asymp-
tomatic) originating in a bubble is likely to be contained within.
While [11] demonstrated the usefulness of bubble clustering, their
result is essentially existential. Their algorithm for computing a
bubble clustering was retrospective, i.e., it assumed full knowledge
of the events that have already occurred in a hospital unit (e.g.,
admissions, discharges, patient characteristics, HCP mobility, etc.).
Practicality andContributions.To be practical and implementable
in a healthcare facility, a bubble clustering approach must main-
tain and update the bubbles in real-time as patients are admitted
and discharged with minimal knowledge about future events. This
implies that the resulting computational problem is “online” [31]
in nature (See section “Problem Formulation and Hardness”). To
this end, in consultation with an infectious disease clinician and
ICU nursing staff at a large tertiary hospital, we formulate a novel
Online Bubble Clustering (OBC) problem which seeks to main-
tain bubbles of patients (and their rooms) and HCPs in real-time
while minimizing interactions across bubbles. Note that we view
bubble clustering as a preemptive infection control measure that
is expected to be integrated into routine hospital operations and
therefore it is critical that bubble clustering not lead to any adverse
impacts on patient care. Keeping this in mind, the OBC problem
contains constraints that aim to bound HCP workload (so the HCPs
are not overworked) and bubble diameter (so the rooms in each bub-
ble are nearby) constraints. We then theoretically establish OBC’s
hardness, showing that any algorithm (whether deterministic or
stochastic) that does not have knowledge of future events, is bound
to perform extremely poorly in the worst case in comparison to
the optimal offline solution. While the worst-case hardness of the
OBC problem is discouraging, real-world data is often structurally
quite different from worst case instances. Thus, we propose three
simple, easy-to-explain online algorithms for the OBC problem.
We also model the offline version of the bubble clustering problem
as an integer linear program in order to compute an optimal of-
fline solution and empirically benchmark our online heuristics. We
conduct extensive agent-based modeling experiments using real-
world (anonymous) patient and hospital operations data collected
from a Medical Intensive Care Unit (MICU) in a large tertiary care
healthcare facility. Our results demonstrate that bubble clustering
is indeed feasible and effective in real-time, i.e., there are simple
online algorithms that are able to maintain bubble clusters which
satisfy HCP workload and mobility constraints, while leading to
effective infection control.

PROBLEM FORMULATION AND HARDNESS

Consider the decisions made by a hospital nurse manager in an
Intensive Care Unit (ICU) who is responsible for processing patients
as they are admitted into and discharged from the ICU. The nurse
manager is aware of each arriving patient’s medical history (e.g.,
diagnoses, test results, procedures, medications, etc.) and therefore
has an estimate of the patient’s need for care. They then admit the
patient to an available room in the ICU given this information. We
view this decision as an opportunity to cohort patients and HCPs
into bubbles as a preemptive infection control measure. Prior work
analyzed HCP mobility data from an ICU to show that cohorting

naturally emerges to some extent, possibly due to choices made by
individual HCPs [23]; here we aim to engineer cohorting via the de-
cisions made by the nurse manager. However, these decisions have
to be made while ensuring that there is no degradation in patient
care nor an inordinate increase in each HCP’s workload. We call
this (informally stated problem) the Online Bubble Clustering prob-
lem and formulate it precisely below. We illustrate a toy instance
of the bubble clustering problem and the corresponding clustering
solution in Figure 1. The formal description of the problem requires
some background on online allocation problems, which we present
next, followed by a description of how we model different elements
of the problem.
Background on Online Allocation Problems: An online al-
location problem is presented a sequence of input items that are
revealed one at a time, and algorithm Alg seeks to make an irrev-
ocable decision in response to each item’s arrival to optimize an
objective 𝑓 (·) while satisfying some predefined constraints. Alg is
said to have competitive ratio of 𝜌 for a minimization problem if we
have 𝑓 (Alg) ≤ 𝜌 · 𝑓 (OPT), for all sufficiently large inputs. Here,
𝑓 (OPT) is the optimal value of 𝑓 (·) computed using full knowl-
edge of all items. For example, the input to the classic Online Bin
Packing problem consists of a sequence of items with size in [0,
1], revealing them one at a time. An algorithm has to irrevocably
pack the arriving item immediately into a bin with max capacity
of 1, with the goal of minimizing the total number of bins used. A
well-known result for Online Bin Packing is that a simple First
Fit algorithm, which places an item into the first bin the item fits
into, has a competitive ratio of 1.7 [21]. The online setting has been
used for a variety of problems, e.g., clustering, matching, hiring,
submodular optimization, paging, job scheduling, etc. See [31] and
the references therein.
Patient Events. The input consists of a sequence of patient events
E = (E1, E2, . . . , E𝑇 ) for timesteps 0 < 𝑡1 ≤ 𝑡2 ≤ · · · ≤ 𝑡𝑇 , where
each event E𝑖 occurs at time 𝑡𝑖 and has type admission or discharge,
which we denote by 𝑡𝑦𝑝𝑒 (E𝑖 ). Each event E𝑖 corresponds to a pa-
tient visit 𝑣 . LetV denote the set of patient visits that the events
in E correspond to. Conversely, each patient visit 𝑣 ∈ V is as-
sociated with exactly two events, E𝑎 and E𝑏 , where 𝑡𝑎 ≤ 𝑡𝑏 and
𝑡𝑦𝑝𝑒 (E𝑎) = admission and 𝑡𝑦𝑝𝑒 (E𝑏 ) = discharge. In this case, we
say that the visit interval 𝐼𝑣 associated with visit 𝑣 is 𝐼𝑣 = (𝑡𝑎, 𝑡𝑏 )
and the length of stay associated with visit 𝑣 (denoted LOS𝑣) is
LOS𝑣 =max(1, 𝑡𝑏 − 𝑡𝑎).
HCPs.We are given a fixed set 𝑃 of HCPs, which is partitioned into
a set 𝑃𝑠 of substitutableHCPs and a set 𝑃𝑛𝑠 of non-substitutableHCPs.
An example of a substitutable HCP is a nurse; typically, a unit such
as an ICU will consist of several nurses who can substitute for each
other. A non-substitutable HCP is a specialist such as a cardiologist
or a pulmonologist, who visits the unit once or twice during the day
and whose expertise may not be found in any other HCP associated
with the unit. The set 𝑃𝑠 of substitutable HCPs is further partitioned
into 𝑃𝑠,𝑑𝑎𝑦 and 𝑃𝑠,𝑛𝑖𝑔ℎ𝑡 , representing the substitutable HCPs present
during the day and night shifts, respectively. Members of 𝑃𝑠,𝑑𝑎𝑦
can substitute for each other and similarly members of 𝑃𝑠,𝑛𝑖𝑔ℎ𝑡 can
substitute for each other. We associate a load 𝐿𝑝 with each HCP
𝑝 ∈ 𝑃 , which is defined as the average amount of time (in minutes)
the HCP 𝑝 spends with patients each day.



Figure 1: An example of a bubble clustering as patients arrive in a small hospital unit illustrating three events, at times

𝑡 +1, 𝑡 +2, 𝑡 +3. Substitutable HCPs 𝑃1 = {𝑝1, 𝑝2, 𝑝4} are grey and non-substitutable 𝑃2 = {𝑝3, 𝑝5} are green. There are three locations
R = {ℓ1, ℓ2, ℓ3} and 4 patient visits to the hospital unit. Initially, i.e., prior to time 𝑡 + 1, patient visits 1 and 2 have already been

assigned to rooms and bubbles. Substitutable HCPs and patients are assigned to one of two bubbles - note that unoccupied

rooms (labeled “empty”) are not assigned to any bubble. As each patient arrives, they get assigned to an empty room, which

is then assigned to a bubble according to some policy (room/bubble assignment policies are discussed in the "Algorithmic

Approach" section). Placing patient visit 3 in bubble 2 violates the diameter constraint, so this visit must be placed in bubble 1.
Placement in either bubble is feasible for patient visit 4, and choosing bubble 2 incurs a lower cross-bubble demand (patient

demands are shown as d3 and d4 and as edge labels).

Metric Space on Locations. Let R denote a fixed set of locations
(e.g., patient rooms) that patients are admitted to upon arrival.
We assume access to a function 𝐷 : R × R → R+ that provides
distances between each pair of locations. We interpret 𝐷 (ℓ1, ℓ2) to
be the walking distance between room ℓ1 and room ℓ2.
Online Processing of Patient Events. For a fixed positive inte-
ger 𝐾 , let 𝐵1, 𝐵2, . . . , 𝐵𝐾 denote the bubbles we wish to maintain as
patient events occur. As part of the initialization, the set of substi-
tutable day shift HCPs 𝑃𝑠,𝑑𝑎𝑦 and the set of substitutable night shift
HCPs 𝑃𝑠,𝑛𝑖𝑔ℎ𝑡 are partitioned in some manner into the 𝐾 bubbles
(e.g., equitably distributing HCP loads among the bubbles). For the
scope of this paper, we evenly distribute substitutable HCPs among
bubbles, but this assumption could be relaxed. The patient events
are then processed in the order in which they occur. Algorithm 1
shows the irrevocable decisions made during the processing of the
patient event E𝑖 . We suppose that 𝑣 is the patient visit associated
with event E𝑖 and if E𝑖 is a discharge event, we assume that (ℓ, 𝑣),
for some ℓ ∈ R has been previously added to bubble 𝐵𝑘 for some
𝑘 ∈ [𝐾].

The crux of the problem we are faced with is how to pick an
available location ℓ ∈ R and a bubble 𝐵𝑘 , 𝑘 ∈ [𝐾] (Lines 2-3), in
response to an admission event. Note that these two decisions are
made without any knowledge of when visit 𝑣 will end or any other
future events occurring after time 𝑡𝑖 .
Patient DemandVectors. The estimated care required by a patient
during visit 𝑣 is encoded as a 2 + |𝑃𝑛𝑠 | dimensional patient demand
vector d𝑣 ∈ R{𝑑𝑎𝑦,𝑛𝑖𝑔ℎ𝑡 }∪𝑃𝑛𝑠+ , where each element represents esti-
mated care needed in minutes per day. The first two elements of
d𝑣 correspond to the estimated care required during visit 𝑣 from
day and night shift substitutable HCPs, respectively (denoted ds

𝑣).
The remaining |𝑃𝑛𝑠 | elements of d𝑣 correspond to the estimated

Algorithm 1 Online Processing of Patient Events

1: if 𝑡𝑦𝑝𝑒 (E𝑖 ) = admission then

2: visit 𝑣 is assigned to available location ℓ ∈ R
3: (ℓ, 𝑣) is added to a bubble 𝐵𝑘 , 𝑘 ∈ [𝐾]
4: ℓ is designated unavailable
5: end if

6: if 𝑡𝑦𝑝𝑒 (E𝑖 ) = discharge then
7: (ℓ, 𝑣) is removed from bubble 𝐵𝑘
8: ℓ is designated available
9: end if

care required from each non-substitutable HCP in 𝑃 (denoted dns
𝑣 ).

Note that d𝑣 is therefore the concatenation ds
𝑣 · dns

𝑣 , and d𝑣 is only
revealed at the admission event that starts visit 𝑣 .
Objective Function: Cross-Bubble Demand. The purpose of
bubble clustering is to contain disease-spread within the bubbles.
However, the bubbles are not “air tight” because patients can have
contact with non-substitutable HCPs who are outside all bubbles.
Thus, the metric we seek to minimize, which we call cross-bubble
demand, is the total amount of time each non-substitutable HCP
spends with patients in distinct bubbles. We view this time as an
opportunity for the non-substitutable HCP to contract infection
or pick up a pathogen from a patient in one bubble and spread it
to a patient in a different bubble. To make this precise, we intro-
duce some notation. Let B𝑖 = (B1

𝑖 ,B2
𝑖 , . . . ,B𝐾𝑖 ) denote the set of

the bubbles immediately after event E𝑖 has been processed. Let
𝑇𝑖 (𝐼𝑣, 𝐼𝑣′ ) = 1 if 𝐼𝑣 and 𝐼𝑣′ overlap at time 𝑡𝑖 (and 0 otherwise) and
let 𝑇 (𝐼𝑣, 𝐼𝑣′ ) =

∑𝑇
𝑖=1𝑇𝑖 (𝐼𝑣, 𝐼𝑣′ ). Let 𝐵(𝑣) denote the bubble which 𝑣

is assigned to and let 𝑠 (𝐵) denote the substitutable HCPs assigned
to bubble 𝐵. The total-cross bubble demand is then defined as:



𝑓 ((B𝑖 )𝑇𝑖=1) =
∑︁

𝑣,𝑣′∈V
𝐵 (𝑣)≠𝐵 (𝑣′ )

(dns
v · dns

v′ ) ·𝑇 (𝐼𝑣, 𝐼𝑣′ ) (1)

Diameter and Load Constraints.While cohorting patient care
into bubbles can limit disease-spread, it could have detrimental
downstream effects on patient care quality. For example, HCPs
could end up being overburdened relative to the setting with no
cohorting. We focus on two costs to HCPs. First, the diameter of
a bubble is the maximum distance between any two rooms in the
same bubble, which measures how far individual HCPs must walk
in order to care for patients in their bubble. Formally, the maximum
diameter of the bubble clustering over all time 𝑡𝑖 , 1 ≤ 𝑖 ≤ 𝑇 , is

𝐷̂ ((B𝑖 )𝑇𝑖=1) =
𝑇max
𝑖=1

max
𝐵∈B𝑖

max
ℓ,ℓ′∈𝐵

𝐷 (ℓ, ℓ ′) (2)

Second, the total excess load is defined as

𝐿̂((B𝑖 )𝑇𝑖=1) =
𝑇∑︁
𝑖=1

∑︁
𝐵∈B𝑖

©­«
∑︁
𝑣∈𝐵
∥ds
𝑣 ∥1 −

∑︁
𝑝∈𝑠 (𝐵)

𝐿𝑝
ª®¬ (3)

With these elements in place, the Online Bubble Clustering (OBC)
problem can be stated as follows.

Online Bubble Clustering (OBC)
Given a patient event sequence E = (E1, E2, . . . , E𝑇 ), set of HCPs
𝑃 = (𝑃𝑠,𝑑𝑎𝑦, 𝑃𝑠,𝑛𝑖𝑔ℎ𝑡 , 𝑃𝑛𝑠 ), HCP loads 𝐿 : 𝑃 → R+, a metric space
(R, 𝐷) of locations in the unit, a patient demand vector d𝑣 for
each patient visit 𝑣 ∈ V , number of bubbles𝐾 ∈ Z+, and diameter
and excess load upper bounds 𝐷∗, 𝐿∗ ∈ R+, perform an online
processing of patient events (see Algorithm 1), such that the
cross-bubble demand 𝑓 ((B𝑖 )𝑇𝑖=1) is minimized while satisfying
the constraints 𝐷̂ ≤ 𝐷∗ and 𝐿̂ ≤ 𝐿∗.

We refer to a fully specified instance of the OBC problem asM =

(E, 𝑃, 𝐿, (R, 𝐷), (d𝑣)𝑣∈V , 𝐾, 𝐵∗, 𝐿∗).

Hardness of Online Bubble Clustering

In this section, we establish that OBC is extremely hard to solve,
even by randomized online algorithms. Our results show the power
of foresight from the lens of worst case analysis. In other words,
from a worst case perspective, lack of knowledge of future events
can be extremely costly to any algorithm for OBC. We start with
a hardness result for deterministic online algorithms (Theorem 1),
which we then extend to randomized online algorithms (Theorem
2) using Yao’s minimax principle [34].

Theorem 1. For any deterministic online algorithmA, there exists
an input patient event sequence with 𝑇 patient visits such that the
cross-bubble demand for algorithm A, 𝑓 ((BA

𝑖
)𝑇𝑖=1) = Ω(𝑇 · 𝑑2),

whereas the cross-bubble demand for OPT, 𝑓 ((BOPT
𝑖
)𝑇𝑖=1) = 0. Here

𝑑 is the maximum patient demand for a non-substitutable HCP in the
input instance.

Proof: Let 𝑛 ≥ 3 be an odd integer and without loss of generality
let 𝑇 be a multiple of 2𝑛. Suppose there is a partition of R into
subsets R1, |R1 | = 𝑛−1

2 and R2, |R2 | = 𝑛−1
2 + 1, such that the

diameter of R1 and the diameter of R2 are both at most 𝐷∗. Further,
suppose that the rooms in R1 are far apart from the rooms in R2,

i.e., for any 𝑟1 ∈ R1 and 𝑟2 ∈ R2, 𝐷 (𝑟1, 𝑟2) > 𝐷∗. Finally, suppose
that 𝐾 , the number of bubbles, is set to 2.

First, we claim that for any deterministic online algorithm A
there is a patient event sequence with care demands such that A
will incur a cross-bubble demand of at least Ω(𝑑2 ·𝑇 ), where 𝑑 is
the maximum patient demand for a non-substitutable HCP in the
input instance. Suppose the patient event sequence consists of𝑇 /2𝑛
batches, where each batch consists of 𝑛 patient admissions followed
by 𝑛 patient discharge events. The patient admissions within each
batch are further partitioned into two groups.

• Group 1: admit 𝑛−12 patients with demand vector 𝑑 · e1 and
then
• Group 2: admit 𝑛−12 patients with demand vector 𝑑 · e2.

After algorithmA has processed this patient event sequence, there
is one available room in R, which we call 𝑟 . Due to distance con-
straints, all occupied rooms in R1 are in one bubble, say 𝐵1, and all
occupied rooms in R2 are in 𝐵2.

If 𝑟 ∈ R1, then algorithm A has no choice but to place the next
arriving patient in room 𝑟 and assign the room to 𝐵1. Knowing this,
the adversary admits a patient with demand vector 𝑑 · e1, if there
are more Group 1 patients in 𝐵2; otherwise the adversary admits a
patient with demand vector𝑑 ·e2. In either case, the admission of the
last patient in a batch causes algorithm A to incur a cross-bubble
demand of at least 𝑑2 · 𝑛−14 . The argument is symmetric if 𝑟 ∈ R2.
Summed over all𝑇 /2𝑛 batches, the algorithm incurs a cross-bubble
demand of at least 𝑑2 · 𝑛−14 ·

𝑇
2𝑛 = Ω(𝑑2 · 𝑇 ). An optimal offline

algorithm will foresee the type of the last patient (i.e., Group 1 type
or Group 2 type) in a batch, and place all 𝑛−12 patients of the smaller
group in the batch in the R1 rooms and assign these to 𝐵1 and place
all 𝑛−12 + 1 patients of the larger group in the R2 rooms and assign
these to 𝐵2. This incurs a cross-bubble demand of 0 per batch and
therefore for all the batches as well. □

Somewhat surprisingly, we show that the above result for deter-
ministic algorithms holds even for randomized algorithms, assum-
ing the standard oblivious adversary setting, in which the adversary
knows the “source code” of the online algorithm, but not the se-
quence of random bits used by the algorithm. This result shows
that algorithmic randomness is not enough to counter the lack of
foresight that is fundamental to the online setting. The proof of
the following theorem builds upon the proof of Theorem 1 by ap-
plying Yao’s minimax principle [34], and appears in the Technical
Appendix.

Theorem 2. For any randomized online algorithm A, assuming
an oblivious adversary, there exists an input patient event sequence
with𝑇 patient visits such that the cross-bubble demand for algorithm
A, E[𝑓 ((BA

𝑖
)𝑇𝑖=1)] = Ω(𝑇 · 𝑑2), whereas the cross-bubble demand

for OPT, 𝑓 ((BOPT
𝑖
)𝑇𝑖=1) = 0. Here 𝑑 is the maximum patient demand

for a non-substitutable HCP in the input instance.

Proof: Let I denote the set of all possible input sequences con-
sidered in the proof of Theorem 1 (see main paper). Recall that for
each batch, the adversary considers two possible choices for the
last patient admission event in that batch: admit a patient with
demand 𝑑 · e1 or admit a patient with demand 𝑑 · e2. We now define
a probability distribution on I by making each of these two choices



independently, with equal probability. Note that this induces a
uniform distribution over the 2𝑇 /2𝑛 elements in I.

We now use Yao’s Principle [34], which states that the expected
cost of the best randomized online algorithm on the worst-case
input in the oblivious adversary setting is at least the expected
cost of the best deterministic online algorithm against a random
worst-case input distribution. (Yao’s principle is more general and
applies to non-online algorithms also.)

As argued in the proof of Theorem 1, the deterministic algorithm
A incurs a cost of at least 𝑑2 · 𝑛−14 for a batch, on at least one of
the two inputs, implying that the expected cross-bubble demand of
A is at least 𝑑2 · 𝑛−18 for a batch. By linearity of expectation, the
expected cross-bubble demand of A is at least 𝑑2 · 𝑇32 over all 𝑇 /2𝑛
batches. Then by Yao’s Principle [34], this is a lower bound on the
cost of any randomized algorithm for the OBC problem. □

We emphasize that these hardness results are quite strong. Since
the offline optimal cross-bubble demand is 0, the competitive ra-
tio for both the deterministic and randomized algorithms is in-
finite. Our results show that even the regret, i.e., the difference
E[𝑓 ((BA

𝑖
)𝑇𝑖=1)] − 𝑓 ((BOPT𝑖

)𝑇𝑖=1), grows linearly in the number of
events and exponentially in the number of bits needed to represent
the patient demands. Our results are also robust in the sense that if
we allow the algorithm (but not the optimal offline solution) to use
𝑂 (𝐾) bubbles (rather than exactly 𝐾 bubbles), or bubbles with arbi-
trarily large diameter, the lower bounds still hold asymptotically
(as shown in Theorem 3, whose proof is included in the Technical
Appendix).

Theorem 3. For any randomized online algorithm A, assuming
an oblivious adversary, there exists an input patient event sequence
with𝑇 patient visits such that the cross-bubble demand for algorithm
A, E[𝑓 ((BA

𝑖
)𝑇𝑖=1)] = Ω(𝑇 · 𝑑2), even when it uses arbitrarily many

bubbles, whereas the cross-bubble demand for OPT, 𝑓 ((BOPT
𝑖
)𝑇𝑖=1) =

0, even when it uses just 2 bubbles. Here 𝑑 is the maximum patient
demand for a non-substitutable HCP in the input instance.

Proof: Suppose that𝐾 ≥ 2 and letA be a deterministic algorithm
that is allowed to use 𝐾 bubbles. Consider the event sequence
described in the proof of Theorem 1 and consider the situation
after A has processed the event sequence of 𝑛−12 Group 1 patient
admissions and 𝑛−1

2 Group 2 patient admissions. As in the proof of
Theorem 1, let 𝑟 ∈ R denote the only available room at this stage and
suppose that 𝑟 ∈ R1. This means that the next arriving patient has to
be admitted into 𝑟 and placed in a bubble that does not contain any
rooms in R2 (because that would violate the diameter constraint).
Let us call a bubble containing a room in R2 an inadmissible bubble.
Note that the inadmissible bubbles in total contain at least 𝑛−1

2
rooms. The adversary now admits a patient with demand 𝑑 · e1 if
there are more Group 1 patients in inadmissible bubbles. Otherwise,
the adversary admits a patient with demand 𝑑 · e2. In either case,
the admission of the last patient in a batch causes algorithm A to
incur a cross-bubble demand of at least 𝑑 · 𝑛−14 . The argument is
symmetric if 𝑟 ∈ R2. Summed over all 𝑇 /2𝑛 batches, the algorithm
incurs a cross-bubble demand of at least 𝑑2 · 𝑛−14 ·

𝑇
2𝑛 = Ω(𝑑2 ·𝑇 ).

As in the proof of Theorem 1, an optimal offline algorithm can
process the event sequence, using just 2 bubbles, while incurring a
cross-bubble demand of just 0.

It does not help the algorithm to increase the diameter of bubbles
because the same argument as abovewill apply by simply separating
the rooms in R1 and R2 further apart.

Finally, the application of Yao’s minimax lemma (exactly as in the
proof of Theorem 2 above) yields the hardness result for randomized
algorithms. □

This is in contrast with results for online clustering problems
(e.g., online 𝑘-means [4]) for which allowing extra clusters is critical
to circumvent hardness results.

ALGORITHMIC APPROACH

Here we present algorithmic approaches that might be used by a
nurse manager to assign each incoming patient visit 𝑣 to a location
ℓ ∈ R and bubble 𝑘 ∈ [𝐾]. Recall that if the current event E𝑖 is a
discharge, then there is no decision to be made and the outgoing
patient is simply removed from their location and bubble. Now
suppose that E𝑖 is an admission event with 𝑣 being the associated
patient visit. We assume that there is a user-specified subroutine
called PairSelection that is called to process admission events.

For the scope of this paper, we consider the following three
simple, transparent, and easy-to-explain instantiations of PairSe-
lection for selecting a location-bubble pair to assign the incoming
patient. In order to explain these instantiations, we introduce some
notation. We define 𝑓 ((B𝑗 )𝑖−1𝑗=1, ℓ, 𝑘) to be the cross-bubble demand
function 𝑓 evaluated over 𝑖 sets of bubbles, with the first 𝑖 − 1 sets
of bubbles given by (B𝑗 )𝑖−1𝑗=1 and the bubble set B𝑖 obtained from
B𝑖−1 by adding visit-room pair (𝑣, 𝑘) to bubble 𝐵𝑘𝑖−1. The functions
𝐷̂ ((B𝑗 )𝑖−1𝑗=1, ℓ, 𝑘) and 𝐿̂((B𝑗 )𝑖−1𝑗=1, ℓ, 𝑘) are defined similarly.
• Random selects, uniformly at random, a location-bubble
pair from the set of feasible pairs

F := {(ℓ, 𝑘) | 𝐷̂ ((B𝑗 )𝑖−1𝑗=1, ℓ, 𝑘) ≤ 𝐷∗, 𝐿̂((B𝑗 )𝑖−1𝑗=1, ℓ, 𝑘) ≤ 𝐿∗}.

• Greedy selects a location-bubble pair from F that (locally)
minimizes the total cross-bubble demand (Eq (1)) up to the
current event, i.e., argmin

(ℓ,𝑘 ) ∈F
𝑓 ((B𝑗 )𝑖−1𝑗=1, ℓ, 𝑘).

• 𝜏-Greedy can be viewed as a version of the greedy algo-
rithm that attempts to balance the goal of minimizing cur-
rent cross-bubble demand with the goal of keeping bubble
diameter and excess load small for future arrivals. Specifi-
cally, the algorithm obtains a set F ′ by refining the feasible
set F by including only those location-bubble pairs whose
cross-bubble demand is at most (1 + 𝜏) times the minimum
cross-bubble demand in F , for a parameter 𝜏 > 0. 𝜏-Greedy
then selects a location-bubble pair from F ′ that minimizes
a linear combination of bubble diameter and excess load
defined by 𝐶 ((B𝑗 )𝑖−1𝑗=1, ℓ, 𝑘) = 𝛼 · 𝐷̂ ((B𝑗 )𝑖−1𝑗=1, ℓ, 𝑘) + (1 − 𝛼) ·
𝐿̂((B𝑗 )𝑖−1𝑗=1, ℓ, 𝑘), where 𝛼 ∈ [0, 1]. That is, 𝜏-Greedy chooses
the location-bubble assignment that is close to the local opti-
mal choice (by a factor of (1 + 𝜏)) while also trying to keep
bubble diameter and excess load as low as possible in order
to ensure the bubbles are flexible enough for future patient
arrivals.

Pseudocode for PairSelection-Random and PairSelection-
Greedy are provided in the appendix, whereas PairSelection-𝜏-
Greedy is shown below (Algorithm 2).



min
∑︁

𝑣,𝑣′∈V
(dns

v · dns
v′ ) ·𝑇 (𝐼𝑣, 𝐼𝑣′ ) · 𝑒𝑣,𝑣′ (4)

s.t. 𝑢𝑣,ℓ + 𝑢𝑣′,ℓ ≤ 1 ∀ℓ ∈ R,∀𝑣, 𝑣 ′ ∈ V : 𝐼𝑣 ∩ 𝐼𝑣′ ≠ ∅ (5)∑︁
𝑘∈[𝐾 ]

𝑦𝑣,𝑘 = 1 ∀𝑣 ∈ V (6)

𝑒𝑣,𝑣′ ≥ 𝑦𝑣,𝑘 − 𝑦𝑣′,𝑘 and 𝑒𝑣,𝑣′ ≥ 𝑦𝑣′,𝑘 − 𝑦𝑣,𝑘 ∀𝑘 ∈ [𝐾],∀𝑣, 𝑣 ′ ∈ V : 𝐼𝑣 ∩ 𝐼𝑣′ ≠ ∅ (7)
(𝑢𝑣,ℓ + 𝑦𝑣,𝑘 + 𝑢𝑣′,ℓ′ + 𝑦𝑣′,𝑘 − 3) · 𝐷 (ℓ, ℓ ′) ≤ 𝐷∗ ∀ℓ, ℓ ′ ∈ R,∀𝑘 ∈ [𝐾],∀𝑣, 𝑣 ′ ∈ V : 𝐼𝑣 ∩ 𝐼𝑣′ ≠ ∅ (8)∑︁
𝑣∈V
∥ds
𝑣 ∥1 · 𝑦𝑣,𝑘 −

∑︁
𝑝∈𝑠 (𝐵𝑘 )

𝐿𝑝 ≤ 𝐿∗ ∀𝑘 ∈ [𝐾] (9)

Algorithm 2 PairSelection-𝜏-Greedy(M, (B𝑗 )𝑖−1𝑗=1 , 𝜏 )

1: ℓ∗, 𝑘∗ ← argmin
ℓ,𝑘∈F

𝑓 ( (B𝑗 )𝑖−1𝑗=1 , ℓ, 𝑘 )

2: F′ ← {(ℓ, 𝑘 ) | 𝑓 ( (B𝑗 )𝑖−1𝑗=1 , ℓ, 𝑘 ) ≤ (1 + 𝜏 ) · 𝑓 ( (B𝑗 )𝑖−1𝑗=1 , ℓ, 𝑘 ) }
3: ℓ ′, 𝑘 ′ ← argmin

ℓ,𝑘∈F′
𝐶 ( (B𝑗 )𝑖−1𝑗=1 , ℓ, 𝑘 )

4: return ℓ ′, 𝑘 ′

Optimal Offline Solution

In this section we define an integer linear program (ILP) that models
the offline version of the bubble clustering problem, in which the
entire event sequence is known ahead of time. Our hardness results
(Theorems 1, 2) have already shown that in the worst case, any on-
line algorithm can perform extremely poorly relative to the offline
optimum. Being able to obtain an optimal offline solution via the
ILP described here enables an empirical comparison over real-world
input sequences, which may be structurally quite different from
worst case instances. Note that even the offline bubble clustering
problem is computationally hard, i.e., NP-complete [12], and thus
the ILP provided here can only be solved exactly for instances of
moderate size. Our ILP uses the following 3 types of 0-1 decision
variables:

• 𝑢𝑣,ℓ = 1 if and only if visit 𝑣 is assigned to location ℓ .
• 𝑦𝑣,𝑘 = 1 if and only if visit 𝑣 is assigned to bubble 𝑘 .
• 𝑒𝑣,𝑣′ = 1 if and only if visits 𝑣, 𝑣 ′ are assigned to different
bubbles; 𝑒𝑣,𝑣′ is only defined when 𝑣 and 𝑣 ′ overlap (i.e.,
𝐼𝑣 ∩ 𝐼 ′𝑣 ≠ ∅).

The objective function of the ILP is just the cross-bubble demand.
Constraint set (5) ensures that each location hosts at most one visit
at a time and constraint set (6) ensures that each visit is assigned to
exactly one bubble. Constraint set (7) forces consistency among the
𝑒-variables and𝑦-variables – specifically, 𝑒𝑣,𝑣′ = 1 iff the𝑦-variables
indicate that visits 𝑣 and 𝑣 ′ are assigned to different bubbles. Con-
straint set (8) ensures that the diameter upper bound 𝐷∗ is satisfied.
Specifically, the expression 𝑢𝑣,ℓ + 𝑦𝑣,𝑘 + 𝑢𝑣′,ℓ′ + 𝑦𝑣′,𝑘 in this con-
straint equals 4 if locations ℓ and ℓ ′ are assigned the same bubble
𝑘 ; otherwise, this expression is at most 3. Finally, the constraint
set (9) ensures that total excess load for each bubble is bounded
above by 𝐿∗. In this expression, we note that HCPs are pre-assigned
to bubbles, and 𝑠 (𝐵𝑘 ) refers to the substitutable HCPs assigned to
bubble 𝐵𝑘 .

RESULTS

Agent-Based Disease Model: We evaluate the online bubble clus-
tering method by simulating COVID-19 spread in a MICU unit.
We employ a similar model to that of [19], where each infected
individual experiences a non-infectious latent period 𝜂, after which
their infectivity increases exponentially until symptoms start, then
decreases exponentially. After the infectivity period, each infected
individual recovers with perfect immunity. This aspect of the model
reflects the time-varying viral load observed in COVID-19 [5, 13, 25,
30, 35]. We denote a fixed parameter𝜓 as the baseline infectivity,
and time-since-infection dependent infectivity scaling parameter as
𝛽 . The mobility log encodes a series of interactions between individ-
uals, each of which holds the potential for transmitting infection.
Specifically, for each interaction (𝑣, 𝑣 ′) ∈ 𝐸 with corresponding
duration 𝜑 (𝑒) for each infected individual 𝑣 , where one individual
𝑣 incident on 𝑒 is infected and the other individual 𝑣 ′ is suscepti-
ble, the probability of 𝑣 successfully infecting 𝑣 ′ during interaction
(𝑣, 𝑣 ′) is 1 − (1 −𝜓 · 𝛽)𝜑 (𝑒 ) .

We refer to a single simulation run as a replicate, which starts
with a single infected substitutable HCP selected uniformly at ran-
dom. Given the stochastic nature of the simulations, we run 2,500
replicates for each setting, where each replicate is a single iteration
of the disease simulation. Seed values for each replicate are set
using the simulation parameters (included in the Code Appendix1).
Data: Here, we demonstrate the performance and behavior of the
proposed algorithms in (anonymized) real world hospital operation
and mobility data collected from a Medical Intensive Care Unit
(MICU) in a large tertiary care hospital. The HCP mobility data was
collected by deploying wireless sensor devices to monitor the loca-
tion of HCPs for 10 consecutive days. The beacons (static sensors)
were placed in various locations within the unit (including patient
rooms) and the badges (mobile sensors) were worn by HCPs. Badges
transmitted probes to beacons and other badges at regular intervals,
which provides fine-grained location of each HCP. Our data consists
of one day of HCP mobility data repeated for 30 consecutive days;
the repetition is necessary as the badges were distributed randomly
among HCPs each day to ensure privacy. The patient events were
separately sampled from anonymized admission-discharge-transfer
(ADT) records for 30 consecutive days from the same MICU. The
overlay of these two datasets provides us with a realistic view of
30-day period of interactions between 25 Nurses, 12 Specialists, and

1https://zenodo.org/records/18101989

https://zenodo.org/records/18101989


Figure 2: (Best viewed in color) Ranges of infection lev-

els (over 2500 replicates) for pathogen transmissibility 𝛽 ∈
[0.001, 0.002, ..., 0.005] for (A) 3 bubbles and (B) 5 bubbles.

20 patient rooms which were dynamically occupied (and vacated)
by 201 unique patient visits. We also extracted the number of HCPs
of all types, their loads, and patient demands from this data, which
are input to the online algorithms.
Experimental Setup: We used an agent-based COVID-19 simula-
tion [19] on the data described above to compare the performance
(w.r.t to infection control) of the proposed approaches. The details
of the COVID-19 model is in the Technical Appendix. All of our
experiments involve simulating the COVID-19 outbreaks (with
varying parameters) in the Baseline (unmodified) mobility log
and alternate mobility logs produced by each online algorithm. For
smaller problem instances, we also run the ILP method, which has
full access to patients’ arrival and discharge times, as well as their
care demands. It serves as a benchmark for the best possible out-
come. While we cannot share our data due to privacy concerns, we
release our code publicly in the Code and Data Appendix and share
detailed experimental setup in the Technical Appendix.

Online Bubble Clustering Reduces Infection

We first evaluate the impact of online bubble clustering on the
prevalence of COVID-19 infections within the MICU operating at
100% occupancy. First, we set the number of bubbles to 𝐾 = 3 (also
repeated for 𝐾 = 5). Patients are clustered using Random, Greedy,
and 𝜏-Greedy, which are benchmarked against the Baseline (no
clustering) and the offline ILP approach. The resulting clusters are
then assessed using COVID-19 simulations. For these simulations,
we assume perfect knowledge of each incoming patient’s care needs,
referred to as their demand. We evaluate the infection prevalence
outcomes for COVID-19 transmissibility values of 𝛽 ∈ [1, 2, 3, 4, 5] ·

10−3. Results for other MICU occupancy levels and numbers of
bubbles are provided in the Technical Appendix.

Each violin plot in Fig 2 represents the distribution of infection
prevalence for a given setting, defined by transmissibility, number
of bubbles, and MICU occupancy. Overlaid line plots indicate the
average infection prevalence for each method across these settings.
Notably, the violin plots in Fig 2 often display bulges at two distinct
levels of prevalence, reflecting common outcomes of COVID-19
transmission. At low transmissibility (𝛽 = 10−3), the prevalence
distributions resulting from the Baseline, ILP, and online bubble
clustering methods are nearly identical, as shown in Fig 2A and
2B. However, as 𝛽 increases, the average prevalence from bubble
clustering methods begins to diverge from the Baseline. For the
highest transmissibility value considered (5 · 10−3), bubble cluster-
ing methods significantly reduce average COVID-19 prevalence.
Using 5 bubbles (2B), clustering reduces infections from 80 to 50 on
average, while using 3 bubbles (2A) reduces infections from 80 to 70.
We evaluate the effect of 𝐾 on infections using Welch’s two-sample
𝑡-test [32, 33]. Most comparisons show significant differences in
mean infections (𝑝 < 0.05) across 𝐾 ; exceptions occur at low infec-
tivity for 5 and 7 bubbles, where infection counts are near zero. All
𝑝-values are reported in the Supplementary Information.

The effectiveness of online bubble clustering is further high-
lighted by the narrower bulges in the prevalence distributions for
the clustering methods compared to the Baseline (shown in red).
These narrower distributions indicate that high infection preva-
lence outcomes are much less common when clustering is applied.
These results suggest that clustering patients into bubbles as they
arrive can significantly lower the risk of widespread infections in a
MICU, particularly under high transmissibility scenarios. The simi-
lar outcomes achieved by the three heuristics imply that clustering
plays a key role, whereas the choice of specific strategy has a more
limited influence on infection control.

Online Bubble Clustering Remains Feasible

under Uncertain Future Patient Demand

So far, we have evaluated outcomes assuming perfect knowledge of
the care required by each incoming patient. However, in real-world
applications, complete information like this is rarely available. To
account for this limitation, we introduce noise into the demand in-
formation of incoming patients, simulating the uncertainty inherent
in such scenarios.

Let D represent the demand matrix, where 𝐷𝑖 𝑗 denotes the de-
mand that patient 𝑖 places on non-substitutable staff member 𝑗 . For
each arriving patient with demand 𝐷𝑖 𝑗 , we perturb the demand
by sampling from a multivariate normal distribution, N(𝜇, 𝜌Σ).
Here, 𝜇 𝑗 is the mean demand on non-substitutable staff member 𝑗 ,
Σ = cov(D) represents the covariance matrix of the demand data,
and 𝜌 is the perturbation scaler, which controls the level of noise
added to the demand. We note that about 70% of covariance matrix
elements have absolute value less than 2.

We then reevaluate the performance of the online bubble clus-
tering methods under these noisy patient demands. The evaluation
is conducted over 5 bubbles at a transmissibility level of 𝛽 = 0.004
and MICU occupancy levels of 100%, 90%, 80%, and 70%.



Figure 3: Ranges of infection levels (over 2500 replicates) for

pathogen transmissibility 𝛽 = 0.004 over 90%MICUoccupancy

split into 5 bubbles

The results of these evaluations are presented in Fig 3. Each
point on the x-axis represents an increasing perturbation scaler 𝜌 ,
which reflects the level of uncertainty in patient demand. Despite
the increasing perturbation, we observe no corresponding rise in
the expected number of infections at any occupancy level. For com-
parison, we plot the Baseline prevalence, which remains constant
regardless of 𝜌 as a horizontal reference line along the x-axis. This
line indicates the average infection prevalence under the Baseline.
Additionally, as MICU occupancy increases, the gap between the
average prevalence for the online bubble clustering methods and
the Baseline widens. These trends suggest that online bubble clus-
tering remains effective even under increasingly uncertain demand
information for arriving patients.

Total Infections are Highly Correlated with the

Number of Bubbles the Infection Reaches

Here, we provide additional evidence for the relationship between
online bubble clustering and the total expected number of infections.
To this end, we compare the number of bubbles reached by infection
and the total expected number of infections. Fig 4 shows the average
number of bubbles affected by COVID-19 (from a single source
infection) versus the expected number of infections for each setting.

Fig 4 illustrates that as transmissibility increases (indicated by
the darker shades of each point), there is a strong correlation be-
tween the expected number of COVID-19 infections and the number
of bubbles reached by the infection. Notably, even at the highest
transmissibility levels, infection is not expected to reach all bubbles,
regardless of the number of bubbles into which arriving patients
are divided. High Pearson correlation coefficient values (included
in the Technical Appendix) further demonstrate that the overall
prevalence of infection is strongly influenced by the number of
bubbles used for clustering.

Cost Analysis Across Settings and Methods

Compartmentalizing hospital staff inevitably reduces flexibility in
patient care. Here, we focus on the cost of clustering patients and
staff, measured in terms of HCP load. Specifically, we compare the
mean Load for HCPs for 𝑘 = 5 at 90% occupancy, as shown in Table
1. Among the methods, Random achieves the lowest total HCP
load but results in a slightly higher expected number of infections

Figure 4: Expected number of bubbles reached by infection

(over 2500 replicates) vs. expected number of infections.

Table 1: Expected number of infections and total HCP load.

K=5

90% Occupancy

# of Infections
Mean ± STD

Load
Mean ± STD

Baseline 74.7 ± 45.4 1444.7 ± 48.5

Greedy 45.8 ± 38.6 1184.7 ± 133.6

𝜏-Greedy 44.8 ± 39.7 1193.3 ± 134.9

Random 48.2 ± 37.4 1177.7 ± 154.1

compared to Greedy and 𝜏-Greedy (by only 3 for COVID-19). Inter-
estingly, we observe that 𝜏-Greedy does not result in a lower HCP
load compared to Greedy, despite its design to balance infection
reduction with cost minimization. This outcome is accompanied by
a fair amount of variability in the simulation results. Despite not
being our primary objective, it is worth noting that these methods
also result in a lower HCP load compared to the Baseline.

CONCLUSION AND DISCUSSION

In this paper, we demonstrate the effectiveness of simple real-time
bubble-clustering methods to limit COVID-19 spread among pa-
tients and hospital staff. We establish that the hardness of the online
bubble clustering problem, compared to the offline version, is depen-
dent on circumstances and context. However, we also empirically
demonstrate that simple approaches, such as greedy and random
methods, can significantly reduce the burden of COVID-19 spread
within a MICU. Wherever viable, we additionally compute optimal
offline solutions for comparison with the online bubble clustering
methods to show the inherent difficulty of real-time clustering.

Previous research in this area assumed an offline setting in bub-
ble clustering [12], whereas this work seeks to reflect the realities
of real-time patient assignments. Our experiments have found that
online clustering methods of assigning patients and HCPs serve
to decrease the prevalence of disease in a MICUs, while still main-
taining a robust response to the uncertainties of care required by



incoming patients. Remarkably, the performance of random clus-
tering methods in our experiments were on par with that of greedy
methods, suggesting that even naive approaches are effective, and
that clustering care in the first place is the most important part. The
real-time clustering methods’ simplicity can potentially help with
their implementation and integration in existing staff and patient
assignment systems.

Since it is generally infeasible to identify and isolate infections as
they occur, we develop methods for strategically placing staff and
incoming patients in advance to reduce transmission throughout
the unit. The results should be interpreted with a few limitations in
mind. First, we only tested our methods for the spread of COVID-19.
In future work, the range of studied diseases could be expanded
to include hospital-acquired infections, such as Clostridioides diffi-
cile, Vancomycin-resistant Enterococcus, or Methicillin-resistant
Staphylococcus [1, 3, 14, 15, 27]. However, broadening the scope of
study may result in significantly different outcomes, as infections
that spread more easily than COVID-19 via fomites would likely
impact the effectiveness of clustering methods alone without ad-
ditional assumptions regarding routine cleaning. Our project was
also limited to mobility and contact data from a single MICU; as
such, establishing the portability of our methods is an important
step towards a framework for on-the-ground implementation. The
primary difficulty in applying these methods to any unit is estab-
lishing the existing contact patterns of patients and staff within that
unit. We also assume that only information about the next patient
arrival is available at any given time. In practice, hospitals may
have advance knowledge of pending patients or can assign patients
based on historical demand patterns. While this assumption simpli-
fies our model, it could be relaxed in future work to allow access to
information about multiple upcoming arrivals or historical demand
patterns to potentially improve performance. Finally, this project
did not consider costs beyond those based on the staff load and
distance between rooms. Future exploration could include the incor-
poration of more sophisticated cost measures, such as any unmet
demand or decrease in quality of care experienced by patients.
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A ALGORITHMIC APPROACH

We provide pseudocode for a more formal "Online Processing of
Patient Events" algorithm in 3, as well as the Random and Greedy
subroutines for PairSelection in algorithms 4 and 5, respectively.

Algorithm 3 BubbleCluster(M, PairSelection(·))
1: B ← {{∅ | 𝑘 ∈ [𝐾]} | 𝑡 ∈ [𝑇 ]}
2: for 𝑡 ∈ [𝑇 ] do
3: if E𝑡 is a discharge of 𝑣 from ℓ then

4: U ←U ∪ {ℓ}
5: B𝑡 (ℓ) ← B𝑡 (ℓ) \ ℓ
6: else

7: ℓ ′, 𝑘 ′ ←PairSelection(M,B𝑡 , 𝜏, 𝛼)
8: B𝑡

𝑘′ ← B
𝑡
𝑘′ ∪ {ℓ

′}
9: U ←U\ℓ ′
10: end if

11: end for

Algorithm 4 PairSelection-Random(M,B𝑡 )

1: F ← {(ℓ, 𝑘) | 𝐷 (B𝑡
𝑘
∪ {ℓ}) ≤ 𝐷∗, 𝐿̂(B𝑡

𝑘
∪ {ℓ}) ≤ 𝐿∗}

2: ℓ∗, 𝑘∗ ∼ Uniform(F )
3: return ℓ∗, 𝑘∗

Algorithm 5 PairSelection-Greedy(M,B𝑡 , 𝜏, 𝛼)

1: F ← {(ℓ, 𝑘) | 𝐷 (B𝑡
𝑘
∪ {ℓ}) ≤ 𝐷∗, 𝐿̂(B𝑡

𝑘
∪ {ℓ}) ≤ 𝐿∗}

2: ℓ∗, 𝑘∗ ← argmin
ℓ,𝑘∈F

𝑓 𝑡 (B𝑡
𝑘
∪ {ℓ})

3: return ℓ∗, 𝑘∗

RESULTS

Mobility Log: Our methods are highly dependent on capturing and
modifying the movement of HCPs, as they are the primary mecha-
nism of inter-bubble disease spread. This movement is captured by a
mobility log that consists of information specifying a healthcare pro-
fessional visits a patient room and for how long, whichwas obtained
using a sensor system that we deployed. The data was collected
over 30 days at the MICU in a large tertiary care hospital in the U.S.
Midwest and has 6202 records for 265 patients containing infor-
mation on patient room assignment, nurse assignment, admission,
and discharge. Interactions between hospital staff in non-patient
room locations (e.g., hallways, break-rooms, and nurses stations)
are also present. The mobility log is represented by an edge-labeled
bipartite multigraph 𝐺 = (𝑃,R, 𝐸,Φ), which we refer to as a visit
graph, similar to the one described in [12]. Suppose 𝑃 denotes the
set of HCPs, R is the set of locations, and 𝐸 is a set of edges speci-
fying HCP visits to rooms. Each edge 𝑒 = {𝑝, ℓ} (𝑝 ∈ 𝑃, ℓ ∈ R) has
a label 𝜑 (𝑒) = (𝑠𝑡𝑎𝑟𝑡 (𝑒), 𝑒𝑛𝑑 (𝑒)) to specify to start and end time of
the visit. We assume that each HCP cannot be in multiple locations
simultaneously, that is, (𝑠𝑡𝑎𝑟𝑡 (𝑒), 𝑒𝑛𝑑 (𝑒))∩ (𝑠𝑡𝑎𝑟𝑡 (𝑒′), 𝑒𝑛𝑑 (𝑒′)) = ∅
for any two edges 𝑒 and 𝑒′ incident on an HCP 𝑝 .

Reproducibility

Experimental Systems: All experiments were run on AMD EPYC
7763 CPUs with 2 TB RAM. All code was implemented in Python,
and non-standard Python libraries used include matplotlib, seaborn,
pickle, networkx, numpy, pandas, and scipy. The offline ILP was
implemented and executed in Gurobi [9].
Code and Data Availability: Our data processing and experimen-
tal code is available as part of the Supplementary Information. Due
to the sensitive nature of our collected data, we cannot release the
original dataset to protect HCP and patient privacy as per our IRB.
We include a toy dataset that exactly matches the format of the full
dataset in the Code Appendix.
Parameters: We specify the parameters used for each experiment
in Table 2.

Online Bubble Clustering Reduces Infection

Here we provide additional experimental results for a wider range
of transmissibilities, occupancies, and number of bubbles. Results
for 3 bubbles can be found in Fig 5, 5 bubbles in Fig 6, and 7 bubbles
in Fig 7. In addition, Tables 3 - 6 provide Welch’s two-sample 𝑡-test
𝑝-values for the difference in infection means between 𝐾 values
(number of bubbles). Statistically significant (𝑝 < 0.05) values in
each table are bold.
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Online Bubble Clustering Remains Feasible

under Uncertain Future Patient Demand

Full experimental results for 3 bubbles can be found in Fig 8, 5
bubbles in Fig 9, and 7 bubbles in Fig 10.

Total Infections are Highly Correlated with the

Number of Bubbles the Infection Reaches

Here we provide experiments for varying occupancy. Results for
100% occupancy can be found in Fig 11, 80% occupancy in Fig 12,
and 70% occupancy in Fig 13. The Pearson correlation coefficients
values associated with the correlation between number of bubbles
reached and total infections may be found in Table 7.

The Effectiveness of Online Bubble Clustering

Depends on the Number of Bubbles and MICU

Occupancy

While online bubble clustering is generally effective at reducing
infection spread, its performance varies depending on the specific
setting. We assess how the effectiveness of online bubble clustering
is influenced by how many bubbles substitutable staff and patients
are divided into, as well as the MICU occupancy level. For this
analysis, patients are clustered into 3, 5, and 7 bubbles at all trans-
missibilities 𝛽 , across MICU occupancy levels of 70%, 80% 90%, and
100%. The resulting settings are then evaluated in terms of the av-
erage proportion of infections reduced for COVID-19, as shown in
Fig 14.

Fig 14 demonstrates that clustering patients into 3 bubbles in a
low MICU occupancy setting is ineffective for reducing infections.
However, in high occupancy settings, online bubble clusteringmeth-
ods can still achieve a reduction in infections by approximately
20%. In contrast, clustering patients into 5 bubbles can reduce in-
fection prevalence by up to 50%, while using 7 bubbles can achieve
reductions of up to 70%. Across most settings, the various online
bubble clustering methods perform similarly, indicating that infec-
tion prevalence can be significantly reduced as long as arriving
patients are assigned to clusters. Fig 14 shows results for additional
values of transmissibility 𝛽 .

Table 2: Parameter values used in experimental setup.

Parameter Values for K = 3, 5, 7
Transmissibility 𝛽 0.001, 0.002, 0.003, 0.004, 0.005

Perturbation scaler 𝜌 1, 2, 3, 4

Parameter Values for K = 3
𝛼 0.3
𝜏 0.6

Diameter bound 𝐷∗ 10
Load bound 𝐿∗ 500

Parameter Values for K = 5
𝛼 0.3
𝜏 0.6

Diameter bound 𝐷∗ 7
Load bound 𝐿∗ 300

Parameter Values for K = 7
𝛼 0
𝜏 2.75

Diameter bound 𝐷∗ 5
Load bound 𝐿∗ 200



Figure 5: Ranges of infection levels (over 2500 replicates) for pathogen transmissibility 𝛽 ∈ [0.001, 0.002, ..., 0.005] split into 3

bubbles over (A) 70%, (B) 80%, (C) 90%, and (D) 100%MICU occupancy.

Figure 6: Ranges of infection levels (over 2500 replicates) for pathogen transmissibility 𝛽 ∈ [0.001, 0.002, ..., 0.005] split into 5

bubbles over (A) 70%, (B) 80%, (C) 90%, and (D) 100%MICU occupancy.



Figure 7: Ranges of infection levels (over 2500 replicates) for pathogen transmissibility 𝛽 ∈ [0.001, 0.002, ..., 0.005] split into 7

bubbles over (A) 70%, (B) 80%, (C) 90%, and (D) 100%MICU occupancy.



Table 3: Welch’s two-sample 𝑡-test 𝑝-values for the difference

in infection means between 𝐾 values (number of bubbles)

(bold: 𝑝 < 0.05) with 70% occupancy.

𝐾 comparison

𝛽 Method 3 vs 5 3 vs 7 5 vs 7
0.001 Greedy 6.73e-08 5.53e-10 0.163
0.001 𝜏-Greedy 0.000212 0.349 0.0126

0.001 Random 0.00361 0.0166 0.783

0.002 Greedy 1.54e-07 1.26e-14 0.00185

0.002 𝜏-Greedy 1.26e-06 0.443 1.26e-06

0.002 Random 3.11e-05 0.000311 0.972

0.003 Greedy 9.15e-24 1.21e-21 0.261
0.003 𝜏-Greedy 1.22e-07 0.178 0.00168

0.003 Random 2.07e-12 1.46e-11 0.423

0.004 Greedy 7.81e-28 6.65e-28 0.0547
0.004 𝜏-Greedy 3.43e-16 1.21e-05 0.00869

0.004 Random 4.19e-17 1.62e-29 3.65e-05

0.005 Greedy 1.06e-60 5.58e-64 4.8e-05

0.005 𝜏-Greedy 8.13e-28 1.17e-13 0.0835
0.005 Random 4.32e-49 4.79e-65 9.48e-08

Table 4: Welch’s two-sample 𝑡-test 𝑝-values for the difference

in infection means between 𝐾 values (number of bubbles)

(bold: 𝑝 < 0.05) with 80% occupancy.

𝐾 comparison

𝛽 Method 3 vs 5 3 vs 7 5 vs 7
0.001 Greedy 7.83e-14 3.77e-10 0.62
0.001 𝜏-Greedy 0.00014 5.53e-14 1.57e-05

0.001 Random 1.22e-05 1.67e-09 0.0327

0.002 Greedy 1.62e-12 1.08e-12 0.335
0.002 𝜏-Greedy 9.08e-10 5.7e-24 4.83e-07

0.002 Random 3.31e-08 4.35e-08 0.512

0.003 Greedy 5.89e-31 8.06e-37 0.00282

0.003 𝜏-Greedy 4.66e-10 1.01e-69 3.13e-35

0.003 Random 3.38e-12 4.08e-19 0.00429

0.004 Greedy 1.89e-54 1.32e-50 0.0101

0.004 𝜏-Greedy 1.64e-25 2.13e-114 3.97e-48

0.004 Random 8.39e-33 6.53e-31 0.0677

0.005 Greedy 8.46e-88 9.9e-82 0.000189

0.005 𝜏-Greedy 1.05e-40 1.93e-148 6.59e-58

0.005 Random 5.65e-58 6.97e-62 9.19e-05

Table 5: Welch’s two-sample 𝑡-test 𝑝-values for the difference

in infection means between 𝐾 values (number of bubbles)

(bold: 𝑝 < 0.05) with 90% occupancy.

𝐾 comparison

𝛽 Method 3 vs 5 3 vs 7 5 vs 7
0.001 Greedy 1.39e-09 1.81e-12 0.122
0.001 𝜏-Greedy 1.6e-05 1.84e-12 0.000763

0.001 Random 4.34e-06 1.02e-08 0.0928

0.002 Greedy 1.58e-12 6.2e-33 7.59e-09

0.002 𝜏-Greedy 0.000858 7.65e-28 3.81e-15

0.002 Random 6.42e-09 4.14e-13 0.0345

0.003 Greedy 2.52e-27 2.74e-60 7.3e-13

0.003 𝜏-Greedy 2.48e-17 3.11e-59 9.19e-20

0.003 Random 6.68e-14 2.28e-28 7.55e-06

0.004 Greedy 2.09e-51 4.07e-105 4.29e-21

0.004 𝜏-Greedy 6.37e-23 1.26e-91 4.18e-34

0.004 Random 7.2e-38 3.23e-42 0.00244

0.005 Greedy 5.77e-83 5.89e-159 1.65e-33

0.005 𝜏-Greedy 2.08e-36 1.97e-140 4.55e-51

0.005 Random 1.44e-50 2.94e-55 0.000189

Table 6: Welch’s two-sample 𝑡-test 𝑝-values for the difference

in infection means between 𝐾 values (number of bubbles)

(bold: 𝑝 < 0.05) with 100% occupancy.

𝐾 comparison

𝛽 Method 3 vs 5 3 vs 7 5 vs 7
0.001 Greedy 5.93e-12 1.46e-19 0.000926

0.001 𝜏-Greedy 4.23e-07 6.5e-07 0.562
0.001 Random 1.72e-10 0.000597 0.0171

0.002 Greedy 6.88e-19 2.3e-22 0.0181

0.002 𝜏-Greedy 2.53e-09 1.29e-11 0.127
0.002 Random 2.76e-13 8.23e-07 0.17

0.003 Greedy 3.17e-31 3.1e-35 0.00151

0.003 𝜏-Greedy 6.96e-19 3.96e-26 0.00226

0.003 Random 1.36e-36 3.82e-12 0.00109

0.004 Greedy 1.08e-77 6.74e-86 5.74e-08

0.004 𝜏-Greedy 1.95e-34 9e-49 4.39e-06

0.004 Random 1.63e-50 4.73e-28 0.558

0.005 Greedy 1.25e-94 8.73e-103 4.96e-10

0.005 𝜏-Greedy 1.36e-56 2.29e-98 2.01e-16

0.005 Random 7.37e-98 3.08e-62 0.251



Figure 8: Ranges of infection levels (over 2500 replicates) for pathogen transmissibility 𝛽 = [1, 2, 3, 4, 5] · 10−3 over 70%, 80%, 90%,
and 100%MICU occupancy split into 3 bubbles.



Figure 9: Ranges of infection levels (over 2500 replicates) for pathogen transmissibility 𝛽 = [1, 2, 3, 4, 5] · 10−3 over 70%, 80%, 90%,
and 100%MICU occupancy split into 5 bubbles.



Figure 10: Ranges of infection levels (over 2500 replicates) for pathogen transmissibility 𝛽 = [1, 2, 3, 4, 5] · 10−3 over 70%, 80%, 90%,
and 100%MICU occupancy split into 7 bubbles.



Figure 11: Expected number of bubbles reached by infection

(over 2500 replicates) vs. expected number of infections for

transmissibility 𝛽 ∈ [0.001, 0.002, ..., 0.005] over 100%MICUoc-

cupancy for COVID-19.

Figure 12: Expected number of bubbles reached by infection

(over 2500 replicates) vs. expected number of infections for

transmissibility 𝛽 ∈ [0.001, 0.002, ..., 0.005] over 80% MICU oc-

cupancy for COVID-19.

Figure 13: Expected number of bubbles reached by infection

(over 2500 replicates) vs. expected number of infections for

transmissibility 𝛽 ∈ [0.001, 0.002, ..., 0.005] over 70% MICU oc-

cupancy for COVID-19.



Table 7: PearsonCorrelationCoefficient values of the number

of bubbles reached by infection and number of infections

for each number of bubbles × clustering method pair under

100%, 80%, and 70% occupancies.

COVID-19

100% Occupancy
Random Greedy 𝜏-Greedy

𝐾 = 3 0.98 0.99 0.99
𝐾 = 5 0.99 1.0 0.99
𝐾 = 7 0.99 1.0 0.99

COVID-19

80% Occupancy
Random Greedy 𝜏-Greedy

𝐾 = 3 0.99 0.99 0.99
𝐾 = 5 1.0 1.0 1.0
𝐾 = 7 0.99 1.0 0.99

COVID-19

70% Occupancy
Random Greedy 𝜏-Greedy

𝐾 = 3 0.99 0.99 0.99
𝐾 = 5 1.0 1.0 1.0
𝐾 = 7 1.0 1.0 1.0



Figure 14: Methods for each occupancy level and for COVID-19.
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